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Abstract

Robust validation metrics remain essential in contemporary deep learning, not only
to detect overfitting and poor generalization, but also to monitor training dynam-
ics. In the supervised classification setting, we investigate whether interactions
between training data and model weights can yield such a metric that both tracks
generalization during training and attributes performance to individual training
samples. We introduce Gradient-Weight Alignment (GWA), quantifying the coher-
ence between per-sample gradients and model weights. We show that effective
learning corresponds to coherent alignment, while misalignment indicates deterio-
rating generalization. GWA is efficiently computable during training and reflects
both sample-specific contributions and dataset-wide learning dynamics. Extensive
experiments show that GWA accurately predicts optimal early stopping, enables
principled model comparisons, and identifies influential training samples, providing
a validation-set-free approach for model analysis directly from the training data.

1 Introduction

Despite the recent surge in self-supervised learning, optimization with cross-entropy loss remains
dominant in modern deep learning for both supervised training and fine-tuning. Its enduring popularity
stems from its strong label-based learning signal and implicit modeling of predictions as probabilities.
However, this very strength – relying on maximum likelihood estimation – introduces vulnerabilities
to overconfidence and sensitivity to noise in both input data and labels. Diagnosing these issues
typically relies on hold-out validation sets, which operate under the assumption of independent
and identically distributed (i.i.d.) data. While effective, this standard approach necessitates labeled
data that is rendered unavailable for training and offers limited insight into how these issues can be
attributed to training set samples. This motivates a critical question: can we effectively assess model
generalization and diagnose potential problems solely using information available during training?

Prior work indicates that robust generalization emerges when all training samples contribute coher-
ently towards a shared learning goal, that is, their gradients are directionally well aligned [1, 2].
Conversely, conflicting or misaligned gradient directions indicate a potential failure to generalize.
However, computing pairwise gradient alignment is highly memory-intensive and is not an inherently
distributional quantity; in other words, the average gradient alignment over the dataset provides
minimal insight into individual samples’ contribution to training. In this work, we thus turn to the
alignment between per-sample gradients and the model weights as a measure for estimating key
training dynamics and predicting generalization in training with cross-entropy. This quantity, which
we refer to as Gradient-Weight Alignment (GWA), as well as its distribution, capture the degree of
gradient coherence across the dataset and allow linking model performance directly to the individual
underlying input-label pairs (Fig. 1). Moreover, we show that GWA can be efficiently estimated dur-
ing training (online), providing insights into training dynamics even during large-scale optimization
with negligible overhead. We argue through extensive empirical evaluation that GWA accurately
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Figure 1: Gradient alignment among individual samples ∇Li as well as the model weights varies
during training, with coherent per-sample gradient direction reflecting generalization. Line plots
illustrate how GWA captures gradient coherence and model performance at different time points t.

identifies the point in training beyond which further training steps yield diminishing returns in terms
of generalization performance, even rendering held-out validation sets redundant. Our contributions
can be summarized as follows:

• We introduce GWA as a novel proxy for generalization performance during training -
effectively replacing the need for withholding a separate validation set.

• GWA reveals the influence of individual training samples on optimization, providing a
powerful diagnostic tool for understanding data quality issues like outliers and label errors.

• We show GWA scales to large-scale training and finetuning, and remains robust under
input/label noise, offering a superior criterion for choosing models deployed in practice.

2 Related Work

Quantifying the generalization gap - understanding how well a model performs on unseen data - is a
central challenge in deep learning [3]. Early approaches without hold-out data focused on estimating
this gap using the curvature of the loss function, offering insights into sample influence. However,
computing second-order derivatives is computationally expensive [4, 5, 6, 7], and curvature can
be unstable during training and sensitive to hyperparameters [8, 9, 10]. More recently, influence
functions[11] and sub-sampling estimators [12, 13] have emerged to compute per-sample influence at
the end of training without second-order derivatives. Our work differs by focusing on an efficient train-
time estimator of generalization for online assessment rather than post-training influence analysis.

We contend that comprehensively evaluating and characterizing model dynamics is crucial for
understanding optimization and its challenges - such as potential overfitting. Prior work has observed
that Stochastic Gradient Descent (SGD) exhibits a “simplicity bias”, initially learning simple patterns
before fitting increasingly complex functions [14, 15, 16, 17, 18, 19]. While we build on these
insights, we move beyond characterizing what is learned to quantifying when further learning
yields diminishing returns for generalization – a relatively underexplored area outside the noisy label
regime [20, 21]. Most notably from this area, we compare against the recent LabelWave [22, 23] which
quantifies model prediction changes to determine a suitable early stopping point. Prediction-change-
focused methods like LabelWave are designed primarily for early stopping in noisy optimization, but
offer limited insight into underlying training dynamics. In contrast, our GWA directly reflects these
dynamics via a sample-level measure.

Quantifying the coherence of per-sample gradients captures training dynamics such as faster con-
vergence and improved generalization [24, 1, 25, 26, 27]. As illustrated in Fig. 1, this coherence is
captured by the direction of the gradients, a signal distinct from their magnitude. However, computing
coherence in the aforementioned approaches requires the gradients of all training samples to be stored
in memory – an impractical limitation for large datasets – and often provides only aggregate statistics,
obscuring valuable per-sample insights. Gradient Disparity (GD) [28] provides a more efficient
approach for k-fold cross validation but has not been shown to work in large scale settings. Our
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approach is scalable and addresses these limitations by leveraging the model weights as a reference
vector. Theoretical work demonstrates that under ideal conditions -perfectly classifiable data- weights
converge in direction, i.e., maintain a specific direction while the gradient aligns with the weights’
direction [29, 2]. While the impact of noise in this case is still unexplored, some levels of noise can be
beneficial [30, 31], and recent empirical research affirms directional stability even with stochasticity
by analyzing batch gradient direction relative to the optimal weights [32]. Our proposed GWA
specifically focuses on quantifying alignment in the presence of realistic data variance. Moving from
pairwise and aggregate gradient statistics to GWA is not only more efficient but allows us to link
individual samples to generalization performance in stochastic optimization.

In the following, we propose an efficient computation strategy of per-sample gradient-weight align-
ment and leverage the properties of the resulting alignment distribution as a novel measure of
generalization and sample-level influence.

3 Gradient-Weight Alignment

We begin by introducing GWA, the key quantity studied in our work. GWA is inspired by theoretical
work on the directional convergence of model weights learned by gradient flow when minimizing the
cross-entropy loss [2]. Intuitively, the fundamental idea of this work is that, for perfectly classifiable
data, the weights not only converge in direction, but moreover the corresponding gradients converge
in direction to the weights, i.e., the gradient and weights align.

Motivation The central hypothesis of our work is therefore that in practice the alignment between
per-sample gradients and model weights can be leveraged to capture the convergence and consequent
generalization of a model. Differences in per-sample alignment link the model’s performance to the
individual data samples. This inherently requires studying GWA through two complementary lenses:
(1) the per-sample alignment scores, which quantify how well individual samples of a real-life, noisy
dataset are represented in the general optimization trajectory and (2) a distributional measure of
the alignment scores across the dataset, which reflects the degree to which dataset properties (e.g.,
data diversity, variance, etc.) impact the resulting generalization across training iterations. We first
formally define GWA and its related quantities.

Definition 1 (Per-Sample Alignment) Let gt(xi) = −∇wL(wt, xi) denote the negative gradient
of the loss function with respect to the model weights wT at a single input-label pair (xi, yi), where
we drop yi for brevity, and at epoch T . Then, the per-sample alignment score is defined as:

γ(xi,wT ) = cos sim (gT (xi),wT ) =
gT (xi) ·wT

∥gT (xi)∥∥wT ∥
. (1)

The per-sample alignment score γ(xi,wT ) effectively measures how well the model weights align
with the “learning direction” for that specific instance. Intuitively, a higher score suggests that the
model is more efficiently incorporating information from that sample into its weight updates. The
theoretical justification for the per-sample alignment score is derived from the fact that, under ideal
conditions of perfectly classifiable data, the predicted probabilities asymptotically approach the target
and alignment should satisfy Ei[γ(xi,wT )] → 1 for large enough T [2]; in other words, the gradient
would consistently point in the same direction as the model weights. While perfect convergence is
rarely observed with real-world datasets due to inherent noise and complexity, this theoretical limit
provides a valuable intuition: a model with better generalization performance should exhibit higher
average γ(xi,wT ). Conversely, consistently low alignment scores, i.e., updates orthogonal to the
direction of the model weights, can signal issues like noisy labels or learning non-general, sample
specific information and potential overfitting.

Definition 2 (Gradient-Weight Alignment) Let GT := {γ(xi,wT )}Ni=0 , γ(xi,wT ) ∈ [−1, 1] be
the set of per-sample alignment scores at epoch T . Moreover, let AT denote the empirical distribution
of the values of GT and M

(k)
T its kth moment. Then, the gradient-weight alignment (GWA) at epoch

T is defined as the excess-kurtosis-corrected expectation of AT :

GWAT =
Ei[AT ]

Kurti[AT ] + β
=

M
(1)
T

M
(4)
T /

(
M

(2)
T

)2 − 3 + β
. (2)
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Above, β is added to ensure non-negativity of the denominator. We choose β = 1.2 to offset the
excess kurtosis Kurt of the uniform distribution over [−1, 1], which is a limiting case never to be
expected in practice.

Unlike theoretical work that assumes perfectly classifiable data, real-world datasets can exhibit high
degrees of variance and noise. The distribution of per-sample alignment scores γ(xi,wT ) provides
valuable insights into the quality of learning – a coherent alignment distribution (i.e., high GWA)
indicates consistent gradient directions across samples and thus effective generalization. At this
point, one may wonder why GWA considers not only the mean but also the kurtosis of the alignment
distribution. The theoretical motivation for incorporating the kurtosis, a measure of tailedness of the
distribution, in other words, of the impact of rare samples, is derived from the long-tail theory of deep
learning [12, 13]. This line of work demonstrates that, in natural image tasks, rare/atypical samples
have an outsized influence on the model. Distributions in which rare samples exert high influence
are commonly referred to as “heavy-tailed” distributions and have high kurtosis. 1 In other words, a
high kurtosis value in the GWA denominator intuitively indicates a large proportion of samples with
disproportionate influence on the overall alignment, thus signaling potentially problematic learning
patterns by diminishing the GWA value.

Note that we choose the value of the β factor such that the kurtosis has only minimal impact on GWA
when the distribution is a (truncated) Gaussian (Kurti[AT ] ≈ 0). For more concentrated (platykurtic)
distributions with lower kurtosis (e.g., approaching a uniform), the GWA value increases, and for
distributions with high kurtosis (leptokurtic, e.g., Laplace) the GWA value decreases. We will use the
term (highly) coherent synonymously with high GWA. As we show experimentally below, tracking
GWA over time reveals critical training dynamics related to overfitting vs. generalization.

Scalable Estimator Capturing the per-sample alignment properties during training on large datasets
necessitates a scalable GWA estimation approach. However, directly computing γ(xi,wT ) for all
samples at each timestep is computationally prohibitive. We address this by leveraging inherent
properties of supervised classification models and GWA to design a lightweight estimator with
minimal overhead that can be run online even for very large models and datasets.

The first primary obstacle to GWA estimation lies in the sensitivity of the cosine similarity term
in Eq. (1) to high dimensionality of the arguments. Recall that the expected cosine similarity
between vectors with independent noise components diminishes rapidly with increasing dimensions.
Moreover, computing full network gradients at every step introduces significant implementation
and computational overhead. To mitigate both aforementioned issues, we exploit the fact that
classification fundamentally operates on latent representations. A deep classifier’s primary goal is
to learn a representation that is linearly separable by its final layer, with the last layer offering the
most direct signal of the learned task [33]. In fact, for our case, including earlier layers degrades the
estimator, with gradients in shallower layers being significantly more unstable, as shown in work
such as [34]. Consequently, we propose estimating per-sample gradients using only the final layer’s
weights - i.e., without materializing the full model’s gradient. This transforms gradient computation
into an efficient matrix multiplication gT (xi) = −zi · (ŷi − yi)

⊤, with latent representation zi, logits
ŷi, target yi, and the weights of the linear head, based on the technique proposed in [35] and shown
in [36].

A second challenge arises in determining when to measure per-sample alignment. Computing it
for every sample at each timestep incurs substantial overhead despite the efficiency improvements
outlined above. We address this by proposing a computationally efficient estimator of GWA: in-
tuitively, instead of recomputing alignment scores across all samples at a fixed gradient update
step, we compute them over all gradient update steps of one epoch as follows. Let T denote the
current epoch, b the batch size such that K = N/b is the number of minibatches per epoch and N
is the total number of samples in the dataset. Within an epoch, let t ∈ {0, 1, . . . ,K − 1} index the
steps per epoch and let wT,t denote the model weights at the beginning of step t of epoch T . Let
BT,t := {(xi, yi) | i = tb+ 1, . . . , (t+ 1)b} denote the batch for step t. Then, we estimate the kth

1Note that the term “heavy-tailed” is formally inapplicable to distributions supported on bounded intervals,
but the intuition conveyed is still valid and we thus retain this terminology.
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central moment of AT , M̂
(k)
T as follows:

M̂
(k)
T =

1

N

K−1∑
t=0

∑
xi∈BT,t

(
γ
(
xi,wT,t

)
−M̂

(1)
T

)k

, (3)

where M̂
(1)
T (recursively) estimates the first central moment (mean). Note that above, the model

weights are indexed twice because they change after each gradient update. The estimator of GWA
is then derived by replacing the true central moments of AT with the estimated central moments in
the RHS of Eq. (2). Under the mild assumption of finite empirical moments and a small-enough
learning rate, this estimator furnishes an extremely computationally efficient technique to monitor the
alignment distribution during training even for very large models and datasets. In essence, estimating
GWA in this way reduces to a single forward pass through the network’s linear classifier. Algorithm 1
summarizes our approach for estimating GWA incorporating the aforementioned techniques.

Algorithm 1 Estimation of GWAT

Require: Total per-epoch iterations K, batch size b, learning rate ηt, classifier weights wT,0

1: for each iteration t = 0, . . . ,K − 1 do
2: Sample a minibatch BT,t of size b from the dataset.
3: Compute standard forward pass with BT,t.
4: for each input-label pair (xi, yi) in BT,t do
5: Compute per-sample loss L(wt, xi, yi), softmax logits ŷi, and latents zi.
6: Compute gradients of linear head in closed form: gt(xi) = −zi · (ŷi − yi)

⊤

7: Compute and store per-sample alignment: γ(xi,wT,t) =
gT,t(xi)·wT,t

∥gT,t(xi)∥·∥wT,t∥ .
8: end for
9: Update model with minibatch gradient based on step 3.

10: end for
11: Output GWAT estimated according to Eq. (2) on per-sample alignments stored in step 7.

In the following sections, we demonstrate how GWA can be used to predict optimal early stopping,
compare model performance across runs, and identify influential training samples – all without
relying on validation sets.

4 Evaluation

Our primary comparison to empirically evaluate GWA is against standard validation set-based early
stopping, the most common practice for evaluating generalization performance during training. To
ensure reproducibility and broad applicability, we conduct experiments on ConvNeXt-Femto [37, 38]
and ViT/S-16 [39, 40] architectures — both popular choices offering a balance between computational
efficiency and accuracy. We leverage established public benchmarks to aid reproducibility, including
ImageNet-1k (using the standard validation set for testing), ImageNet-V2 [41], and ImageNet-
ReaL [42] as well as CIFAR-10 and its noisy variant CIFAR-10-N [43] to systematically assess
performance under varying levels of label noise and to detect overfitting. Our fine-tuning experiments
are conducted on a ViT/B-16 model pre-trained on ImageNet-21k [44].

Validation sets are created via a standard train/val split of the original validation data (e.g., 90%
training, 10% validation). If no test sets exist, the official validation sets are used as hold-out test sets
and are referred as such in the following. All models are trained for a fixed number of optimization
steps, i.e., with the same compute budget regardless of training set size. Beyond label noise evaluation,
we assess the robustness of models selected using different early stopping criteria on CIFAR-C and
ImageNet-C [45], employing realistic input perturbations consistent with our other experiments.

When training a ViT/S-16 implemented in JAX on ImageNet-1k with a single NVIDIA RTX A6000,
GWA adds ≈ 2.5sec to the per-epoch wall-clock time (on average 1861 images/s with GWA vs.
1867 images/s without GWA for 2242px). This is more efficient than evaluating a 1% validation set
(16sec overhead for one iteration). Computing the closed-form gradients and the cosine similarity
requires ≈ 0.003GFLOPs compared to 4.6 GFLOPs of a single forward pass with a ViT/S-16. Peak
GPU memory when using active deallocation in this setting is 25.11GB with or without GWA (no
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difference). Thus, GWA has minimal overhead. Detailed hyperparameters used for all approaches are
provided in Appendix C. An open-source implementation of our approach in JAX and PyTorch can
be found under https://github.com/hlzl/gwa.

In the following, we will demonstrate GWA’s capability to predict optimal early stopping, compare
models across runs and provide insights into the underlying training dynamics and the corresponding
influence of individual samples – effectively replacing traditional validation strategies.

4.1 Early Stopping and Training Dynamics

Table 1: GWA matches or outperforms most validation metrics when used as an early-stopping
criterion. Top-1 test accuracy achieved by ViT/S-16 and ConvNeXt trained from scratch on CIFAR-
10(-N) (with varying noise percentages), and ImageNet-1k using different early stopping strategies
(averaged across 3 runs, min-max range below in gray). Performances are reported as difference
to baseline validation set with 90/10% train/val split and compared to validation sets 99/1% split,
prediction changes measured by LabelWave, Gradient Disparity (GD), and our proposed GWA
without validation set. Best in bold, second best underlined.

Test Accuracy [%] (∆ min–max)

ViT ConvNeXt

CIFAR-10 [label noise %] ImageNet-1k CIFAR-10 [label noise %] ImageNet-1k

Early Stop 0% 9% 17% Val V2 ReaL 0% 9% 17% Val V2 ReaL

Val Set (10%) 81.10
(1.14)

78.31
(1.32)

75.23
(0.27)

73.01
(0.25)

60.01
(0.51)

79.68
(0.36)

89.86
(0.71)

85.33
(1.09)

82.30
(1.44)

71.24
(0.28)

58.38
(0.31)

78.70
(0.41)

Val Set (1%) 79.99
(1.25)

78.70
(1.97)

74.75
(3.06)

73.46
(0.28)

60.52
(0.39)

80.14
(0.28)

90.62
(1.40)

86.05
(0.63)

83.01
(0.73)

71.60
(0.31)

58.71
(0.49)

79.01
(0.38)

LabelWave 81.00
(1.28)

78.37
(1.23)

75.02
(0.27)

73.02
(0.08)

60.05
(0.28)

79.66
(0.34)

89.84
(1.12)

85.14
(0.90)

81.15
(1.89)

71.23
(0.37)

58.36
(0.46)

78.70
(0.40)

GD 79.22
(11.0)

77.56
(1.76)

74.66
(1.33)

67.22
(13.65)

54.59
(13.2)

74.25
(12.8)

89.25
(1.14)

84.95
(0.63)

81.71
(1.26)

71.23
(0.37)

58.36
(0.46)

78.70
(0.40)

GWA 81.57
(0.96)

78.93
(0.91)

75.70
(0.80)

73.28
(0.23)

60.53
(0.53)

79.95
(0.13)

89.73
(0.40)

86.08
(2.30)

82.55
(0.56)

71.25
(1.25)

58.62
(1.15)

78.74
(1.24)

Our work proposes using GWA as a trustworthy validation metric during optimization. To this end,
we evaluate if GWA provides a reliable signal to monitor training progress and determine when
training should be stopped. Concretely, we use the optimization step during which the maximum GWA
value is reached (after a warm-up period of 10% of the total training steps) as an early stopping point.
We conduct a large-scale empirical evaluation of various early stopping criteria across diverse datasets
and architectures. We train ConvNeXt and ViT/S-16 models from scratch on CIFAR-10, CIFAR-10-N
(with varying levels of label noise), and ImageNet. For each dataset, we compare the final test
accuracy achieved when employing different early stopping strategies: (1) traditional train/validation
splits (90/10% and 99/1%), (2) LabelWave (measuring prediction change per sample) and Gradient
Disparity (GD, average pairwise gradient ℓ2-distance), and (3) our proposed GWA. GWA is evaluated
in a fully supervised setting utilizing the entire training dataset with an additional ablation on train
set size in Tab. 5.

Results in Tab. 1 indicate that GWA matches or outperforms most other metrics across datasets and
model architectures when used as an early stopping criterion. Specifically, on CIFAR-10/CIFAR-10-
N, GWA achieves an on average 0.4% higher test accuracy compared to standard GWA validation
splits, and 0.67% over LabelWave. In [28] two early stopping criteria are proposed for GD: the
fifth inter-epoch increase, or an increase for 5 consecutive epochs. Both fail completely in our case,
with the former criteria stopping consistently too early and the latter criteria not being triggered
in most of our experiments (see also Fig. 2). This is also the reason why the test accuracies of
LabelWave and GD are identical for ConvNeXt on ImageNet-1k, as both did not stop early. While
the 1% validation set slightly outperforms GWA on the ConvNeXt, GWA beats the 10% baseline
and provides strong results when dealing with input/label noise (CIFAR-10 [9%, 17%], V2). On
ViT, GWA even outperforms the 99/1% validation split strategy commonly used in literature while
eliminating its reliance on held-out data. This performance is particularly strong on the smaller
CIFAR-10 dataset while also scaling to ImageNet.
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Alignment Distribution To gain a deeper understanding of the information captured by GWA, we
track its evolution through training compared to validation accuracy and LabelWave’s prediction
change on identical experimental runs. The left panel of Fig. 2 demonstrates that both GWA and
LabelWave closely track validation accuracy during training with little to no label noise (CIFAR-10),
with convergence setting in towards the end. However, the center plot reveals GWA’s superior
sensitivity to early symptoms of overfitting due to the presence of label noise within CIFAR-10-N.
This heightened sensitivity results in choosing an early stopping point very close to the one determined
by validation accuracy, despite not requiring a validation set in the first place. On the other hand,
relying on LabelWave in this label noise setting is not helpful, as overfitting is not detected. Since
LabelWave did not outperform the validation set baselines in any of our experiments, we exclude it
from the further evaluations below.
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Figure 2: GWA tracks validation accuracy and captures subtle training dynamics associated with
generalization (left, center) better than LabelWave. Line plots depict normalized values of validation
accuracy (10%), LabelWave’s prediction change and GWA’s corrected mean across training. Markers
indicate time step for early stopping according to each criterion. The underlying distribution of
alignment scores γ(xi,wT ) (right) at time T can be seen as a cross-section providing further insights
into training. Label noise highly influences properties of the CIFAR-10-N distribution vs. CIFAR-10.

Focusing on the distributional nature of GWA, the right panel in Fig. 2 illustrates the evolution of
the underlying distribution of alignment scores across training. Both CIFAR-10 and CIFAR-10-N
exhibit unimodal distributions approximating Gaussians to different degrees throughout training.
However, there are notable difference between the two dataset variants. The “clean” CIFAR-10
dataset displays a more concentrated distribution with higher GWA values (right, indicated by +/–)
throughout training. Conversely, CIFAR-10-N exhibits consistently lower GWA values, with the
substantially larger proportion of negatively aligned samples reflecting the impact of noisy labels on
gradient coherence. This analysis confirms that GWA not only captures temporal dynamics but that
properties of the underlying per-sample alignment distribution also provide valuable insights into
data quality, offering a richer understanding of training behavior than solely considering validation
accuracy.

4.2 Model Comparison

Next, we investigate whether GWA remains consistent across multiple model initializations, dataset
variants and model architectures. We require such consistency to be able to reproducibly use GWA in
practice, for example by monitoring it across hyperparameter sweeps. For this purpose, we analyze
the correlation between the maximum alignment achieved during training (maxT E[AT ]) on CIFAR-
10 and its label noise variants (CIFAR-10-N) and the final test accuracy, using both ConvNeXt and
ViT models. The resulting scatter plot (Fig. 3 left) reveals a strong positive correlation between the
test performance of models trained on more or less noisy dataset variants (leading to variations in test
accuracy) and GWA. This holds across model families.

To further assess robustness beyond label noise, but also to the effect of domain shifts, we also evalu-
ated test accuracy on CIFAR-C – a version of the standard CIFAR-10 test set incorporating realistic
input perturbations such as blurring or image noise (Fig. 3 center). Again, a strong correlation is
observed between the models’ test accuracy and GWA across both model families. These observations
are quantitatively supported by the correlation statistics presented in the table (Fig. 3 right), which
demonstrate high Pearson and Spearman correlation coefficients. These results highlight GWA’s
capacity to provide a consistent measure enabling reliable model quality comparisons.
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Figure 3: Maximum alignment E[AT ] allows for comparing model performance across runs. Scatter
plot (left) shows correlation between E[AT ] and test accuracy on CIFAR-10 and with varying
performance on its label noise variants for ConvNeXt and ViT. Correlation is even stronger when
evaluating against robustness benchmark CIFAR-C (center). Pearson and Spearman correlation
coefficients for all cases (right) corroborate visual findings (p < 0.001).

Model Robustness As standard test sets are often from the same domain or even identical initial
parent dataset as the training and validation set, we additionally evaluate models selected using
the early stopping criteria studied above on CIFAR-C and ImageNet-C (Tab. 2), two established
benchmarks that apply a diverse range of image corruptions to standard test sets. This allows us to
evaluate if GWA actually detects training dynamics that extend out of strict in-domain learning and
detect models that work on corrupted data that mimics real-world perturbations. Our results reveal
that models chosen via GWA-based early stopping consistently exhibit improved performance across
various corruption types compared to those selected using traditional validation accuracy. Specifically,
we observed an average improvement of 0.55% on CIFAR-C and 0.67% on ImageNet-C compared
to models trained with a 10% validation set. Our findings show that GWA not only correlates with
test performance, enabling early stopping, but also enhances model robustness to real-world input
perturbations, effectively closing the loop from addressing label noise to mitigating input noise.

Table 2: Using GWA to determine early stopping results in models that are more robust to realistic
perturbations and suitable for deployment. Test accuracy averaged across 3 runs with ViT/S-16.

Test Accuracy [%]

CIFAR-C ImageNet-C
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W
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er

Val Set (10%) 81.19 79.42 77.08 79.25 55.78 64.23 62.43 60.06
Val Set (1%) -0.88 -1.09 -0.68 -1.04 +0.59 +0.44 +0.43 +0.57
GWA +0.52 +0.53 +0.60 +0.56 +0.57 +0.61 +0.93 +0.60

4.3 Connecting Model Performance to Training Data

Our proposed GWA is inherently linked to the training data itself through the per-sample alignment
scores constituting the distribution. These per-sample alignment scores offer additional insight into
the training process which traditional validation metrics lack. To demonstrate the value of this
distributional quantity, we examined individual per-sample alignment scores during optimization,
and the corresponding characteristics of the training images. We established in Sec. 3 that negative
alignment scores likely correspond to outliers, rare examples, or mislabeled samples opposing the
overall “training direction”, while positive values indicate that samples are aligned with the currently
learned patterns, i.e., representing “general” features/concepts early in training and more specific yet
common features/concepts later on; this mirrors the simplicity bias argument of [14] and others.

Figure 4 showcases example images from CIFAR-10 and its noisy variant (CIFAR-10-N) with highest
and lowest per-sample alignment at epochs 5, 50, and 90 for the dog and car classes. A striking
observation is that nearly all samples with negative alignment scores when training on CIFAR-10-N
are mislabeled – a major benefit of using GWA achieved without employing an explicit outlier or
mislabelling detection technique. Furthermore, analysis of CIFAR-10 reveals that samples with high
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Figure 4: Per-sample alignment scores γ(xi,wT ) reveal insights into data characteristics and learning
progression. Example images from CIFAR-10 and CIFAR-10-N with highest and lowest alignment
scores at epochs 5, 50, and 90 of training. Images displayed for the dog and car classes.

positive alignment scores tend to be visually simpler, while those with negative alignments are more
cluttered and/or visually challenging. Notably, positively aligned samples in the beginning at epoch 5
predominantly feature easily classifiable instances (e.g., frontal views of cars with white background,
dog faces), whereas later epochs showcase increasingly complex yet still representative examples
(rear view of cars, dog faces with long ears). This pattern corroborates the aforementioned prior work
stating that models initially learn from simpler samples before progressing to more complex features
– a dynamic directly reflected in the per-sample alignment scores.

4.4 Fine-Tuning
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Figure 5: Initial GWA decrease during fine-tuning
before increasing equivalent to training from scratch.
ImageNet-21k pre-trained ViT/B-16 fine-tuned for
10 epochs on ImageNet-1k /Places365, 20 epochs on
iNat18.

Our previous analyses focused on training
models from randomly initialized weights,
representing a scenario where the model
learns all relevant information during the op-
timization process. However, modern deep
learning frequently leverages pre-trained mod-
els via fine-tuning – fundamentally altering
the initial conditions and subsequent train-
ing dynamics. We next investigate how this
impacts our proposed GWA metric. As visu-
alized in Fig. 5, GWA exhibits significantly
higher values after the first epoch of fine-
tuning, reflecting the immediate benefit of
pre-trained features for generalization – cor-
roborated by high initial accuracy. Unlike
training from scratch where GWA typically
consistently increases, we observe an initial

9



dip during the early stages of fine-tuning. This suggests the model must first adapt to dataset-specific
details, temporarily disrupting the initially strong alignment. After a few epochs, this trend reverses,
mirroring the increasing alignment observed during training from scratch. Consequently, when
employing GWA for early stopping during fine-tuning, we now prioritize identifying the initial
minimum in alignment before taking the maximum GWA to determine early stopping. As shown
in Tab. 3, this refined approach yields reliable performance, with test accuracy outperforming the
validation-based metrics on most datasets.

5 Conclusion

Table 3: GWA matches or outperforms other early
stopping criteria when fine-tuning a ViT/B-16 pre-
trained on ImageNet-21k. Top-1 test accuracy aver-
aged across 3 seeds, min-max range below in gray.

Test Accuracy [%] (∆ min–max)

ImageNet-1k iNat18 Places365

Early Stop Val V2 ReaL

Val Set (10%) 84.04
(0.07)

73.94
(0.35)

88.96
(0.05)

72.87
(0.07)

58.66
(0.03)

Val Set (1%) 84.11
(0.07)

74.19
(0.06)

89.00
(0.06)

73.65
(0.37)

58.86
(0.35)

GWA 84.15
(0.06)

74.32
(0.26)

89.05
(0.03)

73.73
(0.14)

58.78
(0.29)

We introduced GWA and investigated its
ability to capture dataset- and sample-level
training dynamics during optimization, as
well as serve as a robust early-stopping
criterion. We have shown that GWA is a
reliable metric that matches or surpasses
classical validation sets on a range of tasks,
while offering unique insights into training by
connecting performance directly to individual
training samples – a capability particularly
valuable in the presence of noise and low-data
regimes. In future work, we intend to expand
our evaluation beyond supervised image
classification, e.g., to the self-supervised
setting, where the importance of gradient
directions has recently been noted [46],
and to other modalities such as text, where
applications to the autoregressive loss are a natural evolution of our results. Moreover, seeing as
current techniques are either too inefficient [1] or ineffective [23] for large-scale applications, we
hope that our work sparks interest in computationally efficient train-time generalization proxies such
as GWA.
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Appendix

Here, we provide further evaluation of our scalable estimator (Appendix A.1), compare against
related work not directly usable as a train-time generalization proxy, yet relevant to our approach (Ap-
pendix B), and provide more details on our empirical evaluation as well as the results (Appendix C).

A Scalable Estimator

A.1 Estimator Bias

The proposed efficient online estimator of GWA is computed continuously during each epoch. This
estimator’s key difference from a pure offline estimator is that the weights w are not fixed; they drift
with each mini-batch update. This drift is the source of a systematic bias, and its characterization
depends critically on the point of comparison.

Online Bias Relative to Fixed Time Point (constant w) Compared to the GWA value at the
epoch’s starting weights w0, the online estimator exhibits a bias directly governed by the learning
rate η. This can be shown by using a first-order Taylor expansion on the expected alignment A(w),
where the bias for a measurement at step t is determined by the change in w, approximately given by
∇A(w0)

⊤(wt − w0). Since the weight displacement wt − w0 is the result of accumulated gradient
steps, each scaled by η, the average bias over the epoch is linearly proportional to the learning rate. A
larger η causes greater drift from w0, resulting in a larger first-order bias. In practice, however, this
bias is negligible as seen in Fig. 6: both the online and offline estimator have near-perfect correlation.
Quantifying the bias between online and offline estimators (at the end of each epoch) shows a small
effect size [47] for η = 0.1 and SGD with a mean of 0.04 (maximum 0.12), decreasing further for
η = 0.01 to 0.027 (maximum 0.08), and to 0.020 (maximum 0.05) for η = 0.001.

In addition, the existing bias is better understood not as an error, but as a temporal shift. If we
re-frame the comparison against the metric at the epoch’s midpoint wmid, the dominant first-order
bias cancels out. This is because the weight updates wt are, to a first approximation, distributed
symmetrically around wmid, causing the average displacement E[wt−wmid] to be near zero. However,
the GWA metric defined in the paper (Eq. (2)) is not just the mean alignment but a ratio involving
the distribution’s kurtosis. Analyzing higher-order moments like kurtosis requires a second-order
Taylor approximation. However, while the online GWA is not perfectly unbiased with respect to the
midpoint, its bias is of a higher order.
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Figure 6: GWA computed online during the forward pass using the efficient scalable estimator
detailed in Algorithm 1 nearly exactly matches the offline (after each epoch) computation of GWA
for both ViT and ConvNeXt trained on CIFAR-10 (left, center) with near-perfect correlation across
the whole training (right).

Online Per-Epoch vs. Step-Wise Offline Estimators An alternative, mini-batch perspective on
the estimator’s bias is through the lens of a hypothetical step-wise offline estimator, which would
perform a full (and computationally prohibitive) offline evaluation on the entire dataset at each actual
weight vector wt (i.e., after every single update step). Instead of computing the metric over the full
dataset at each time step, our estimator only computes the alignment over a smaller set Gt, equal to
the batch size b. In this case, the bias of the estimator would thus be equivalent to the bias induced
by taking the batch as a representation of the full dataset. For smaller batch sizes, however, this
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can lead to instabilities when computing the corresponding moments of At for GWA. Our proposed
online estimator for GWA can be seen as a special, more efficient case of this step-wise mini-batch
estimator that does not have these instability problems. Instead of computing the moments for At

based on a single batch, we take the alignment scores γ(xi, wt(i)) across the entire epoch, but with
changing weights wt, to compute At. This “epoch average” effect inherently results in a smoothed
version of the step-wise offline estimator, as seen in Fig. 6. It sacrifices temporal accuracy at each step
for a computationally efficient, stable, and interpretable summary of the epoch’s overall alignment
dynamic. For settings with larger batch sizes, and potentially also no clear definition of an epoch
such as in NLP, computing At on a batch-level can be a reasonable approach, closing the gap to the
step-wise offline estimator.

To summarize, while the proposed online estimator is neither unbiased nor easily allows for quanti-
fying its bias (see Sec. 3 and discussion above), we find that its bias, depending on the properties
of the batch and the change in weights across the interval it is measured on, are neglectable in our
evaluations. The scalable GWA estimator thus allows for (1) a minimal train-time and implementation
overhead, and is (2) near-perfectly correlated with the offline estimation of GWA in practice.

A.2 Full Model vs. Linear Classifier
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Figure 7: Computing alignment scores using the linear classifier head mitigates dimensionality issues
such as decreasing mean of the alignment distribution and increasing tailedness (top center and right).
Using the full model, or including more layers of the network in addition to the head layer (e.g.,
from the second residual block onwards in a ConvNeXt, denoted as ”Stage2:”), leads to a worse
learning signal (top left). This is corroborated by a decrease in correlation between these scores and
the alignment scores computed with the classifier head (bottom).

To mitigate problems caused by the high dimensionality of modern networks (e.g., noise, computa-
tional cost), our approach focuses on the linear classifier head with closed-form per-sample gradient
computation as introduced in Sec. 3. The plots in Fig. 7 show that while including more layers still
reflects certain patterns during optimization, such as an initial increase in alignment. While this initial
increase in dataset alignment is visible throughout the model, the earlier layers quickly lead to an
obfuscation of the signal. Gradient updates become increasingly more orthogonal when looking at
the full model (top center) while also having relatively more updates near the bounds [−1, 1] of our
alignment range (top right).

While leveraging the linear classifier head provides a stronger learning signal, alignment score
magnitude potentially remains sensitive to latent representation size – possibly hindering cross-
architectural comparison due to cosine similarity degradation in high dimensions. We address this
using a JLT to reduce dimensionality while preserving pairwise distances. Fig. 8 demonstrates
that JLT mitigates this issue, increasing expected alignment scores E[AT ] for models with larger
latent spaces, and allowing for more comparable GWA values across architectures despite inherent
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Figure 8: Alignment scores for ConvNeXt models with latent embeddings of increasing size (indicated
by circle size) and after applying the Johnson-Lindenstrauss Transform (JLT) to reduce embedding
dimensions to a constant size of 192.

differences in model design. Notably, even without applying the JLT, the alignment scores correlate
well with validation accuracy across embedding sizes.

A.3 Kurtosis Correction
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Figure 9: Reproduction of Fig. 1 with mean and kurtosis components of GWA plotted individually. In
simple cases, when the ConvNeXt learns without problems (left) the mean can be a sufficient proxy
for generalization. Often, more sophisticated patterns can, however, only be detected by looking
not only at the distributions mean but also it other properties. Notably, kurtosis seems to be a good
correction factor to account for changes in the distributions shape (center, right).
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Figure 10: While the alignment distribution tends to be unimodal in our evaluations, there is no
guarantee for such behavior. In some cases, analyzing the alignment distribution directly can help to
better understand training dynamics and dataset characteristics.

GWA is based on a distribution of values for each sample in the dataset. This allows us to connect
training performance directly to individual samples, but it also introduces a challenge: we need a
single, representative number to track how this entire distribution changes over time. Describing a
changing distribution with just one number is difficult, especially when its shape can be complex. We
propose to quantify the mean shift of the alignment distribution together with a kurtosis correction to
create a robust summary statistic. This correction is essential because the distribution of alignment
scores can not be assumed to be Gaussian. Consistent with the long- and heavy-tail theories of
deep learning, we find the kurtosis is suitable correction to account for changes in the tails of the
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distribution, which we find to be particularly important for noisy and challenging datasets like
CIFAR-10-N (see Fig. 9, center and right) or ImageNet.

While our corrected GWA metric works well in most cases, it has limitations. These failure cases can
often be spotted by looking at the plot of the underlying alignment distribution at specific epochs
(e.g., Fig. 10). One concrete issue is the occurance of the distribution becoming bimodal, which,
if it happens, tends to be late during training. Investigating the learning dynamics that cause these
specific distributional shifts is a promising direction for future research.

A.4 Interpolation of Noise
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Figure 11: Training with random labels forces the model to learn only sample-specific information
(label memorization) and random guessing accuracy compared to actual generalization. GWA,
capturing all training dynamics, reflects this non-generalization. While alignment does increase
with random labels, the mean and kurtosis show a distinct pattern, different to standard smooth
generalization. The initial low mean alignment around 0 with corresponding high kurtosis across the
dataset flips completely when the network starts to memorize.

To fully understand GWA as a generalization proxy, we train models on CIFAR-10 with completely
randomized labels, following the setup in [48]. While this scenario of training on pure noise is
unrealistic for any practical application, it is an informative method to isolate label memorization and
evaluate GWA’s response. In this setting, the model cannot learn generalizable patterns and is forced
to memorize the labels, leading to validation performance equivalent to random guessing. As shown
in Figure 11, GWA exhibits a distinct pattern under these conditions. Initially, the mean alignment is
near zero with high kurtosis. As the network begins to memorize the random labels, GWA increases
sharply, driven by a rapid rise in mean alignment accompanied by a substantial reduction in kurtosis.
After this peak, GWA begins to decrease even as the mean alignment stays high. Thus, rather than
remaining static near zero as might be expected, GWA characterizes memorization through a distinct
dynamic pattern: a sharp initial rise followed by a decay. This reveals how the metric captures the
distinct phases of the model memorizing a noisy dataset.

B Related Work

Next, we provide a comparative analysis of GWA to previously introduced techniques for generaliza-
tion gap quantification and training dynamic assessment (summarized in Sec. 2). This highlights the
benefits of our efficient train-time proxy for generalization and early stopping. Note that the focus of
GWA is not exactly the same as the other metrics shown here, but we believe the comparison to be
useful nonetheless.

B.1 Gradient Norm and Second Order Information

Gradient norm is a common metric used for tasks such as approximating second-order information
to analyze loss landscapes and sample influence (see e.g., TracIn [7]). Fig. 12 shows, however, that
gradient norm is not a replacement for GWA to validate generalization. While both the ConvNeXt
and ViT models generalize, the average gradient norm develops differently for both architectures
(right). While we observe weak overall correlation between the per-sample gradient norms and our
alignment scores γi (as defined in Algorithm 1), we see discernible patterns: a reduction in gradient
norm towards the end of training tends to correlate with an increase in alignment, while higher relative
gradient norms — particularly at the end of training — correlate with alignment scores indicating
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Figure 12: Per-sample gradient norm and alignment scores γi for ViT (top) and ConvNeXt (bottom)
trained on CIFAR-10 show that both measures quantify distinct characteristics of the training dynam-
ics. GWA is consistent across both architectures and better reflects generalization during training
(right).

orthogonal gradient updates. An interesting exception is observed in our ConvNeXt experiment
(bottom), where a group of samples exhibits the smallest gradient norm and low alignment at the
end of training, suggesting these examples are well-learned with remaining loss reduction being
sample-specific, i.e., inherently orthogonal to general optimization.

Notably, unlike GWA, metrics such as TracIn are susceptible to the unbounded property of gradient
norms and thus sensitive to their volatility and outliers. In the right-bottom panel of Fig. 12 the
gradient-norm distribution is heavily skewed, with a peak of 7.16× 103 at epoch 12. By contrast,
GWA’s distribution is compact, only depending on gradient direction and therefore unaffected by
magnitude outliers.

Spearman analysis on CIFAR-10-N from Fig. 2 when overfitting occurs shows that GWA correlates
strongly with validation accuracy (R= 0.97) yet poorly with training accuracy (R= 0.56) during
overfitting, as desired. In contrast, the gradient norm exhibits a high correlation with training accuracy
(R= 0.90) but a weak one with validation accuracy (R= 0.24). This also holds when only considering
the classifier head, similar to GWA, where both gradient norm and also the second-order Hessian trace
reach perfect correlation with training accuracy (R= 1.0) yet moderate correlation with validation
accuracy (R≈ 0.48).

In summary, while per-sample gradient norms do not directly correlate with GWA and thus cannot be
used as a generalization proxy, analyzing both helps understand which samples have been learned
and which remain hard to learn.

B.2 Connection to Loss Landscape Geometry

Limited empirical work has analyzed the alignment between gradients and model weights, with
[32] being a notable exception; they analyze cosine similarity between the mini-batch estimate
of the gradient g and the difference between the current weights wT and “optimal” weights w∗,
defined as the final weights of a previous run with the same seed. With this metric they aim to
quantify the geometric properties of sampled gradients along optimization paths within the loss
landscape. Fig. 13 shows that GWA and w∗-alignment share similar patterns, converging towards
comparable behavior in the later parts of training. However, w∗-alignment requires two full training
runs, making it computationally expensive or even infeasible for very large model training. GWA
offers a compelling alternative: capturing gradient alignment from a different perspective yet with
similar insights, significantly reduced computational cost, and potentially broader applicability. We
regard a combination of the efficiency, reliability and validity of GWA with the theoretical insights of
[32] a promising future research direction.
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Figure 13: GWA mirrors the alignment between mini-batch gradients and the direction to the optimal
weights w∗ towards the end of training but without requiring the expensive computation of w∗.

B.3 Pairwise Gradient Alignment

Relatedly, prior research (discussed in Sec. 2) analyzes gradient direction via pairwise per-sample
gradient alignment proposing metrics such as gradient coherence and stiffness [1, 25, 26, 27]. Most
approaches in this area are related and measure very similar quantities, a proxy for which is the
pairwise per-sample gradient alignment (i.e., the pairwise gradient cosine similarity). Note that
none of these quantities actually use the weights, contrary to GWA. Fig. 14 reveals that the average
pairwise gradient alignment exhibits high variance - especially early on and likely due to initial
training randomness - while GWA is more stable. After the initial differences, the two measures
exhibit similar trends in mid-to-late in training. However, GWA exhibits fewer fluctuations in this
mid-to-late stage, providing a much more consistent signal. Moreover, the substantial computational
overhead of pairwise per-sample gradient alignment – requiring full model gradients across multiple
timesteps, their storage, and computationally expensive pairwise cosine similarity calculations –
limits its applicability.

In summary, compared to prior works, GWA offers a compelling complementary approach. It
provides comparable insights into gradient alignment but has significantly improved efficiency and
thus unlocks new possibilities for large-scale research in this domain. This renders GWA an attractive
tool to re-evaluate existing work and accelerate progress in understanding neural network training
dynamics.
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Figure 14: GWA exhibits substantially more stable relative alignment during the entire training
duration compared to pairwise per-sample gradient alignment.

B.4 Neural Collapse

Neural collapse [49] is an important theoretical phenomenon which describes the terminal-phase
collapse of last-layer features to their structured class-means. GWA offers a complementary view
based on the per-sample gradient-weight interaction throughout training on realistic, noisy data,
where quantifying variance is the key signal for generalization. Recent work on neural collapse has
introduced matrix information theory to analyze training dynamics. [50] use the latent embeddings of
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Figure 15: GWA exhibits substantially more stable relative alignment during the entire training
duration compared to pairwise per-sample gradient alignment.

each samples together with class-dependent classifier weights to compute matrix mutual information
based on Gram matrices. Fig. 15 shows that the two values introduced in [50] based on matrix
information theory, matrix mutual information ratio (MIR) and matrix entropy difference ratio (HDR),
correlate well with GWA. We believe further connecting these two approaches in future work is
not only a promising way to integrate GWA and information-theoretic research but also allows for
more efficient information theoretic approaches, without full Gram matrices, and providing GWA’s
per-sample insights.

C Further Details on the Experimental Setup

C.1 Implementation Details

Table 4: Training hyperparameters for respective model-dataset pairs. Setting for training ImageNet-
1k from scratch taken from [51]. ImageNet-22k pre-trained weights for fine-tuning and settings are
from [44] with adaptations for datasets ImageNet-1k, iNat18, and Places365 in parentheses.

CIFAR-10 / CIFAR-N ImageNet-1k Fine-Tuning

Hyperparameter ConvNeXt-P ViT/CIFAR-4 [52] ConvNeXt-F ViT/S-16 ViT/B-16

Optimizer Adam Adam AdamW AdamW SGD
LR 0.001 0.0001 0.001 0.001 (0.01, 0.05, 0.01)
Weight Decay – – 0.0001 0.0001 –
Momentum [0.9,0.999] [0.9,0.999] [0.9,0.999] [0.9,0.999] 0.9
Batch Size 512 256 1024 1024 512
Iterations 9000 35000 112650 112650 (26000, 17500, 37500)
Image Size 32 32 224 224 224
RandAug [53] 1 1 10 10 (0, 2, 0)
Mixup [54] 0.0 0.0 0.2 0.2 (0.0, 0.1, 0.0)
Grad Clip Norm – – 1.0 1.0 1.0
Scheduler Cosine Cosine WarmupCosine WarmupCosine WarmupCosine
Warmup Steps – – 10000 10000 500

We provide the training settings for all ConvNeXt models on CIFAR-10 and its variants as well as for
ImageNet in Tab. 4. The settings are used for our main results in Tab. 1, Fig. 2, and Fig. 4 (Sec. 4).
Tab. 4 also includes the training and fine-tuning settings for all ViT models used in Tab. 1, Tab. 2,
and Tab. 3 (and corresponding Fig. 5). The ImageNet-22k pre-trained weights of the ViT/B-16 are
from [44] and are available here. Results in Fig. 3 for both architectures are obtained with the same
settings.

C.2 Auxiliary Results

Alignment of Mislabeled Samples Beyond early stopping, GWA provides a novel perspective
on training dynamics and generalization. Fig. 16 shows the alignment distribution of CIFAR-10-N
(40% label noise) across three epochs (beginning, close-to-optimal, overfitting). These distributions
make up GWA in Fig. 2 (center). Initially, most samples have updates that are orthogonal to the
initial optimization trajectory, with the alignment distribution being compact, around zero, and with
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Figure 16: Corresponding alignment distribution of Fig. 2 (center) with alignment scores of correctly
labeled and mislabeled samples being colored differently. Mislabeled samples tend to be more
negatively aligned during training, with the clearest separation between mislabeled and correctly
labeled samples around the optimal stopping time step near Epoch 50.

mislabeled examples exhibiting a slightly negative bias. This bias intensifies toward the optimal
stopping epoch, differentiating mislabeled and correctly labeled samples. As the model learns, the
optimization requires to mislabeled examples to further reduce the overall loss, driving corresponding
updates towards zero again – a directional shift from prior learning. At the same time, correctly labeled
samples are also pushed towards zero, a potential result of the model overfitting and/or learning
samples specific information of these samples. This leads to a concentration of the distribution.
Analyzing these distributional changes and proactively modulating this behavior warrants further
investigation.

Table 5: Artificially restricting the available train-
ing data leads to larger validation sets with 10% to
better approximate generalization behavior com-
pared smaller validation sets (1%) and GWA (val
split of 90/0 in Table) in comparison to the opti-
mal results achievable with each method in Tab. 1.

CIFAR-10 [label noise %] ImageNet
Val Split 0% 9% 17%

ViT
90/10 81.10 78.31 75.23 73.01
90/1 -0.07 -0.01 -0.20 -0.08
90/0 -0.12 -0.01 -0.27 -0.21

ConvNeXt
90/10 89.86 85.33 82.30 71.24
90/1 -0.01 -0.02 -1.12 -0.18
90/0 -0.22 -0.17 -0.35 -0.09

Results with Fixed Training Set Size Tab. 1
shows the best-case scenario possible with each
approach to fairly demonstrate the performance
of all early-stopping criteria. Using a smaller
validation set, or no validation set at all, allows
for using more samples during training, aiding
model performance. With a fixed training set
size, a 10% validation set outperforms both a
1% validation set and GWA (Tab. 5). However,
despite the artificial restriction of training data
size in this ablation, GWA and the 1% valida-
tion set remain competitive, indicating that the
performance of both approaches is not due to
training set size alone.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Claims made are within a fixed scope and clearly visible in the introduction.
As stated in abstract and introduction, our proposed method is theoretically motivated by
prior work and empirically evaluated.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of our approach within the method section and in
the discussion and conclusion section.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate ”Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: While our work is theoretically motivated and we describe our approach from
a theoretical perspective, there are no mathematical proofs, lemmas etc. in the paper. All
theory in the methods section is self-contained.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The datasets and models used are described at the beginning of the experimental
evaluation. Hyperparameter configurations are given in the appendix. All implementations
aims at reproducibility by using publicly available code and settings.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: While not publicly available during submission, we will release the code when
the paper is published.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Experimental settings are given in the evaluation section and in the appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: All results are reported in triplicate. Standard deviations are reported in the
appendix. Statistical correlations are shown using standard measures (Pearson, Spearman).

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer ”Yes” if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: Resource utilization is reported in the appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We foresee no specific negative ethical implications arising from our work.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [No]
Justification: Our contribution is fundamental in nature and deals with early stopping and
model robustness. We foresee no specific societal impacts arising from our work beyond the
general considerations that AI and deep learning entail.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [No]

Justification: Our paper does not include generative or data models and experiments are
conducted on public datasets.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Appropriate citations are in place for publicly available datasets and licensing
information for the datasets is available from the sources.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: No new assets are released at this time.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: No such research was conducted.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: Inapplicable.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

27

paperswithcode.com/datasets


• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: No LLMs were used in any of the aforementioned significant ways.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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